Pasturelands are inherently variable. It is this variability that makes sampling as well as characterizing an entire pasture difficult. Measurement of plant canopy reflectance with a ground-based radiometer offers an indirect, rapid, and noninvasive characterization of pasture productivity and composition. The objectives of this study were (i) to determine the relationships between easily collected canopy reflectance data and pasture biomass and species composition and (ii) to determine if the use of pasture reflectance data as a covariate improved mapping accuracy of biomass, percentage of grass cover, and percentage of legume cover across three sampling schemes in a central Iowa pasture. Reflectance values for wavebands most highly correlated with biomass, percentage of grass cover, and percentage of legume cover were used as covariates. Cokriging was compared with kriging as a method for estimating these parameters for unsampled sites. The use of canopy reflectance as a covariate improved prediction of grass and legume percentage of cover in all three sampling schemes studied. The prediction of above-ground biomass was not as consistent given that improvement with cokriging was observed with only one of the sampling schemes because of the low amount of spatial continuity of biomass values. An overall improvement in root mean square error (RMSE) for predicting values for unsampled sites was observed when cokriging was implemented. Use of rapid and indirect methods for quantifying pasture variability could provide useful and convenient information for more accurate characterization of time consuming parameters, such as pasture composition.
sampling as well as characterizing an entire pasture difficult. Measurement of plant canopy reflectance with a ground-based radiometer (1989) study was optimal in the sense that it was a spatially offers an indirect, rapid, and noninvasive characterization of pasture correlated variable that was rapidly and densely colproductivity and composition. The objectives of this study were (i) lected. In this study, data of multispectral canopy reflecto determine the relationships between easily collected canopy reflectance were used for similar reasons. (Nutter, 1989; Aquino et al., 1992) and in maize (Zea lated with biomass, percentage of grass cover, and percentage of mays L.) (Ma et al., 1996) . Reflectance measurements legume cover were used as covariates. Cokriging was compared with kriging as a method for estimating these parameters for unsampled were also found to be successful estimators of biomass sites. The use of canopy reflectance as a covariate improved prediction in alfalfa (Medicago sativa L.) (Mitchell et al., 1990) , of grass and legume percentage of cover in all three sampling schemes peanut (Nutter and Littrell, 1996) , and potato (Solanum studied. The prediction of above-ground biomass was not as consistent tuberosum L.) (Bouman et al., 1992) . Seasonal biomass given that improvement with cokriging was observed with only one changes in tallgrass prairies were modeled by the nor- ran, 1998) . Light reflectance before anthesis may be able when cokriging was implemented. Use of rapid and indirect methods to predict grain yield in corn (Ma et al., 1996) , canopy aided in early prediction of soybean [Glycine max (L.) Merr.] yield , and a good correlation was found between NDVI and millet total dry matter at harvest (Lawrence et al., 2000) .
S
ampling is the researcher's best way to learn about Reflectance indices involving different wavelengths a population. When a pasture is considered to be a can also be used to discriminate between weed and crop population, the task is to determine where to sample species (Vrindts et al., 2002) . Discriminant analysis in and how to assess the true variability as accurately as this study also resulted in 94% correct classification of possible. With only a limited number of observations broadleaved plants in test datasets of broadleaved plants attainable because of time and labor constraints, interpoand grasses (Vrindts et al., 2002) . lation is necessary to estimate values at unsampled points.
Measuring pasture variability through the use of a Matheron's theory of "regionalized variables" (Mathground-based multispectral radiometer can be pereron, 1971) reported that field variables can be spatially formed quickly, nondestructively, and inexpensively. correlated, or coregionalized. Geostatistics is the field of Consequently, canopy reflectance data on a dense grid study that models spatial variability and is used to predict can be easily obtained. This dense data collection can be unknown values in space (Journel and Huijbregts, 1978) .
capitalized on through the use of geostatistics. Kriging is Consequently, spatial correlation within pastures is an a method of interpolation used when a variable displays opportunistic reality. Webster et al. (1989) capitalized spatial autocorrelation. Because reflectance values are on this observation by designing a sampling scheme for spatially correlated (Webster et al., 1989) , kriging can ground-based radiometry measurements in both spebe used to predict reflectance at unsampled points. Cocies-poor and species-rich grassland and winter barley kriging is also an interpolation method used where there (Hordeum vulgare L.). By fitting a semivariogram to are two or more spatially interdependent variables. Ofradiation reflectance data sets, the error associated with ten, cokriging is used when one or more other properties have been extensively sampled in comparison to the A.B. Tarr, USDA-NASS, Des Moines, IA 50309; K.J. Moore, Dep.
variable of interest (Oliver, 1987 (ESRI, 1996) . Geostatistical analyses were performed by ArcView 8.1 ArcGIS Geostatistical Analyst (ESRI, 2001 ).
MATERIALS AND METHODS
The experiment was conducted during June 2001 at the
Sampling Schemes
Iowa State University Rhodes Research Farm (41Њ52Ј N, Three different sampling patterns of n ϭ 30 were created 93Њ10Ј W) in central Iowa. The field of study was a 0.42-ha from the original dense sampling grid (n ϭ 116). The sampling nongrazed, grass-legume pasture. The dominant species included schemes were a grid pattern, a triangular pattern, and a ransmooth bromegrass (Bromus inermis Leyss), reed canarygrass dom scheme. The sampling schemes are shown in Fig. 1 . Be-(Phalaris arundinacea L.), Kentucky bluegrass (Poa pratensis cause the sampling schemes were created from the original L.), birdsfoot trefoil (Lotus corniculatus L.), and cicer milksampling grid, there were some restrictions on the arrangevetch (Astragalus cicer L.). While there was mechanical rement of the patterns. The grid pattern was a rectangular grid moval of vegetation in early spring each year, the cool season with 6-m intrarow and 12-m interrow separation distances. grass-legume pasture had not been grazed in six years during
The sampling scheme originated on the west end of the pasture a rotational grazing study. To avoid disrupting grass-legume and because of the specified sample size, sampling density on balance, the pasture did not receive any fertilizer from 1996 the east end of the pasture was less dense. For similar restricto 2001. As an indication of field topography, the pasture site tion reasons, the triangular scheme is more dense on the east included topographically distinct summit, sideslope, toeslope, end of the pasture. The triangular pattern was not equilateral; backslope, and opposite summit landscape positions. Slope the triangles were formed with a base length between points ranged from approximately 1 to 9Њ and elevation ranged from of 6 m and a side length of 19 m for nearly all of the pasture 296.6 to 303.0 m above sea level.
and 12 to 13 m on the extreme east end of the pasture. Lastly, A dense sampling grid consisting of 116 points was devised a random number generator was used to produce a sampling for the pasture. Sampling points were arranged in a triangular scheme with size n ϭ 30 from the original 116 sampling points grid with inter-and intrarow separation distances of 6 m. To for the random sampling scheme. obtain data from samples located closer than 6 m, an additional Because plant measurements were taken at each of the point was sampled within each row at randomly chosen 1-or original 116 sampling points, a relatively large validation set 2-m separation distances. An earlier study of the pasture site was available. Eighty-six points were used as an independent indicated short-range variation in soil characteristics such as validation set for the n ϭ 30 sampling density. soil P, K, pH, and organic matter (Tarr et al., 2003) . As a result, this short-range variation in soil samples was investigated to
Equations and Data Manipulation
obtain a more reliable experimental semivariogram model (Burgess and Webster, 1980; Kravchenko and Bullock, 2002 (Vauclin et al., 1983; Warrick et al., 1986) . In a cross-validation, each point in the sampling scheme is removed singly and its The circular field-of-view for the radiometer was matched as closely to the size of the 1-m 2 quadrat as possible. Reflecvalue is predicted by kriging the remaining data. The resulting RMSE of the cross-validation process was examined, and the tance was averaged over the area measured because the diameter of the field-of-view was equal to one half the height of the variogram model with the lowest RMSE was selected (Vauclin et al., 1983; Heisel et al., 1999) . Skewness results indicated radiometer sensor above the plant canopy. Two radiometer measurements were made in rapid succession and averaged that not all the data were normally distributed. To improve normality, the reflectance data for the following covariates at each of the 116 points. Measurements were taken between 1130 and 1400 h daylight time to minimize the effects of sun was log-transformed: 660 nm, the far IR band, and the NIR/ Red1 ratio. In addition, the sin Ϫ1 transformation was impleangle on incident radiation (Guan and Nutter, 2001) . A bubble found at one or more of the quadrats, as indicated by For both kriging and cokriging and for each sampling the minimum percentage of cover. However, grass was scheme, the root mean square error was calculated as: always present within the quadrats. The large CVs for species composition indicated the high variability in spe- 
Statistical Data Analysis
tion does not imply spatial correlation, the dense data set in this study does suggest a baseline for spatial relaSummary statistics of pasture biomass and species tionships to exist among the plant parameters. The relacomposition values for the initial, dense grid (n ϭ 116) tionships between reflectance values and productivity sampling scheme are presented in Table 1 . Biomass had a large range in values; however, it had a relatively low and species composition are shown in Table 2 . CV. On average, the pasture was composed of more
The results of the large data set indicated several grass than legume species, with smooth bromegrass as significant relationships between measured plant parameters of interest and reflectance values. For exam- with the plant parameters of interest were used as co- † Samples measured on 1-m 2 quadrats.
variates. ‡ Biomass is above-ground plant material, percentage of plant cover as-
The highly significant negative correlation (Ϫ0.97) between percentage of grass cover and percentage of legume cover indicated that the occurrence of the two tries a series of lag values, with their size increasing in vegetation classes was inversely related. In addition, a geometric sequence. Geostatistical Analyst then looks because of the fairly narrow spectrum of wavebands through all the lags and finds the lag and set of variogram used and relatively wide spectral resolution (i.e., bandparameters that have the "best fit," or smallest weighted width), the reflectance values in the visible light region least squares (J.M. Ver Hoef, Alaska Department of (400-700 nm) exhibited strong colinearity as did the Fish and Game, personal communication, 2002) . ratios using the two wavebands of red light ( Table 2) .
The three plant parameters of interest, above-ground biomass, percentage of grass cover, and percentage of Geostatistical Data Analysis legume cover, were undersampled compared with the canopy reflectance readings. This is the situation where Interpolation is necessary to map a variable of interest cokriging is most useful. Because of the ease of collectat the ground from a sample of that variable. Kriging ing dense, rapid, and georeferenced canopy reflectance does this optimally in the sense that it estimates unsamdata, its spatial relationship with the three plant paramepled values with minimum variance. Both the theory ters was explored. In this 0.42-ha pasture, canopy reflecand application of kriging are described in depth by tance at 116, 1-m 2 quadrats was measured. Conse- Journel and Huijbregts (1978) and McBratney and Webquently, the ratio of sampling intensities of reflectance ster (1983a). We investigated the value of using one or to the other plant parameters was nearly 4:1 for the n ϭ more reflectance values or indices as a covariate for 30 scheme (Fig. 2) . cokriging. Mapping accuracy of kriging the plant paramTo apply cokriging, it was necessary to model semieters of interest was compared with that of cokriging the variograms for each plant variable separately as well plant parameters with reflectance values as a covariate.
as cross-variograms for all pairs of canopy reflectance The pasture of study was oriented mostly in one diand plant parameters measured at the same location mension, and there were insufficient sample pairs of the Webster, 1983a, 1983b; Vauclin et al. , plant parameters for the n ϭ 30 sampling scheme to 1983; Triantafilis et al., 2001 ). The correlations shown obtain well-structured directional semivariograms (Trangin Table 2 were also examined (Chien et al., 1997) . Proof mar et al., 1986). Therefore, it was assumed that all semiof some level of coregionalization between canopy revariograms were isotropic. Lag distances ranged from flectance and the three plant parameters of interest was 3 to 16 m with the majority of values being 8 m. Lag important for further cokriging steps. distances were autocalculated by the ArcView 8.1 Geostatistical Analyst extension (ESRI, 2001 ). This method One, two, and three covariates were examined to determine if using more than one covariate improved short-range variation and local detail in their depiction of the variability of the three plant parameters. Howcokriging prediction accuracy (McBratney and Webster, 1983a) . One covariate, sin Ϫ1 transformed NDVI1, was ever, both methods resulted in similar patterns of variability for the plant parameters. Comparable results have optimal for biomass as there was difficulty computing the covariance matrix for two and three covariates in been found in the soil literature for topsoil silt cokriged with subsoil silt and sand as covariates (McBratney and the grid and triangular schemes. Cokriging with the logtransformed far IR and log-transformed 660-nm waveWebster, 1983a), NaHCO 3 -extractable P cokriged with 25% HCl-extractable P (Trangmar et al., 1986) , and bands was optimal for cokriging with percentage of grass cover. Three covariates, log-transformed 660 nm, 460 nm, NO 3 cokriged with soil EC (Zhang et al., 1992) . Improved local detail of the cokriging maps was due to and the log-transformed far IR band, were optimal for percentage of legume cover. Covariate selection was dethe finer sampling grid of the covariate(s), canopy reflectance (McBratney and Webster, 1983a) . Representative termined on the basis of correlation with the plant parameter of interest ( Table 2 ). The minimization of krigmaps of these observations are shown in Fig. 3 . The actual differences resulting from these visual variances ing RMSE for cross-validation sets aided in determining which combination of covariates was optimal.
will be analyzed quantitatively.
Sampling Scheme Comparison

DISCUSSION
On the basis of the design and results of this experi-
Map Results
ment, it cannot be concluded which of the three samKriging vs. Cokriging pling schemes is optimal for producing accurate maps of variability for vegetative characteristics. Each of the In general, a visual variance existed between the kriged and cokriged maps. The cokriged maps exhibited more schemes used in this study was just one depiction of a grid scheme or a triangular scheme or a random scheme dicted and actual values also decreased with cokriging in the pasture. Multiple scenarios of each scheme should biomass in the triangular scheme. However, the very be analyzed further to answer this question. General low correlation between predicted and actual values for conclusions about the sampling schemes will be diskriging biomass in the triangular scheme indicated that cussed after examining them quantitatively.
the spatial autocorrelation was difficult to model. When the target variable has a high nugget variance, gains from cokriging are not likely (Webster and Oliver, 2001 ). Figure 4 illustrates the reduction in RMSE of predicKriging vs. Cokriging tion due to cokriging as a function of the absolute correlation between the reflectance covariates and the three When comparing results estimated with kriging and target plant parameters. Several important observations cokriging, two parameters were analyzed. Root mean square error of prediction and the correlation between can be made from this figure. First, a higher correlation predicted values from kriging and the actual values between the target plant variable and canopy reflectaken from direct plant measurements were evaluated.
Quantitative Results
tance wavebands did not consistently improve reduction As previously mentioned, validation sets of 86 sample in RMSE. Yates and Warrick (1987) found that a reducpoints were available for the n ϭ 30 sampling schemes. tion in kriging variance was observed as the correlation The RMSE should be small for an unbiased and precise between the target variable and covariate increased. prediction. As shown in Table 3 , RMSE for cokriging However, in this study, two covariates were used to was consistently lower than the RMSE for kriging, with predict percentage of grass cover and three covariates one exception. Thus, cokriging helped improve the prewere used to predict percentage of legume cover. For diction of the validation sites in all the scenarios but the grid and the random sampling schemes, it appears one. The single exception occurred for biomass sampled that use of multiple covariates resulted in larger reducwith the random scheme. This result may be explained tions in RMSE. This result concurred with McBratney by the large nugget variance of biomass. Nugget variand Webster's observation that using two covariates ance refers to the variance associated with two measureresulted in more precise cokriging estimations than a ments located at the same point. In other words, if two single covariate (McBratney and Webster, 1983a) . measurements are located at the same point (i.e., have General trends can be drawn from Fig. 4 , but it is a separation distance of zero), one would expect them important to note that the efficacy of cokriging is more to have very similar values, or zero variance. Measurethan a function of correlation between a covariate and ments of biomass taken close to one another were quite target variable. The efficacy also includes the strength different; thus, nugget variance resulted and the semiof the spatial cross-correlation between the covariate variogram could not be modeled very well. In addition, and target variable, the geometric sampling pattern, and the correlation of biomass with its covariate, NDVI1 the ratio of the sampling intensities of the covariate to (r ϭ 0.43), was not highly significant. Furthermore, a the target variable (McBratney and Webster, 1983a) . random sampling scheme often has "gaps" of unsampled It is also possible to assess other parameters indicative space, so the prediction of biomass values was more of vegetative quality by spectral reflectance. Assessment reliant on the variability in neighboring covariate points of nutritive parameters such as nitrogen and lignin conthan farther away biomass points. Cokriging reduced centration by multispectral reflectance was examined by RMSE for biomass by approximately 50 kg ha Ϫ1 in the Serrano et al. (2002) . Using Airborne Visible/Infrared grid sampling scheme (Table 3) . While the economic Imaging Spectrometer (AVIRIS) reflectance in chaparimpact of this result was not studied, it is worthwhile ral vegetation, a Normalized Difference Nitrogen Index to note.
and Normalized Difference Lignin Index were proposed Regression analyses between predicted and actual as indices to assess N and lignin in native shrub vegetavalues showed an increase in correlation for most of the tion (Serrano et al., 2002) . Canopy N concentration of plant variables and sampling schemes when cokriging eight crop fields in Denmark during the vegetative pewas implemented (Table 3) . On the basis of the increase riod was significantly correlated with the spectral reflecin RMSE with cokriging biomass in the random scheme, tance in the green and far-red wavebands (Boegh et the decrease in correlation between predicted and actual values was not surprising. The correlation between preal., 2002). Sampling Scheme Comparison detail than the kriged maps of each plant parameter. The use of canopy reflectance as a covariate improved The mapping accuracy from cokriging was also afprediction of grass and legume percentage of cover in fected by the sampling pattern used. Also from Fig. 4 , all three sampling schemes studied. The prediction of it is evident that the largest reductions in RMSE because above-ground biomass was not quite as consistent; howof cokriging were found with the grid sampling scheme.
ever, this was probably due to the low amount of spatial This result is probably due to the more systematic, geocontinuity of biomass values. metric sampling of the grid scheme. Both Vauclin et al. This study showed an overall improvement in RMSE (1983) and McBratney and Webster (1983a) found that of unsampled sites when cokriging was implemented. cokriging consistently reduced estimation variances where
The grid sampling scheme appeared to benefit most target and covariate properties were sampled in geometfrom cokriging, but the results are inconclusive because ric patterns. However, because only one example of only one grid scheme (not multiple) was analyzed. each sampling scheme was used, generalizations about each of the schemes cannot be made. The results of this experiment indicate that use of area duration, canopy reflectance, and pod yield of peanut. Phytopathology 82:546-552.
